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ER PACKNET
Policy Arch.
FWT(t)  NBT(}) AUC(T)  FWT(t)  NBT(l)  AUC(1)
LIBERO-LONG (KINRIESS)
RESNET-RNN  0.16 £ 0.02 0.16 4 0.02 0.08 4 0.01 0.13 4+ 0.00 0.21 4+ 0.01 0.03 £+ 0.00
RESNET-T 0.48 +£0.02 0.32+0.04 0.32+£0.001 0.22+001 0.08+0.01 0.25=+0.00
VIT-T 0.38+£0.05 029 +0.06 0.254+0.02 0.36+001 0.14 +0.01 0.34 + 0.01

LIBERO-SpaTIAL (ZF[AIfES%)

RESNET-RNN  0.40 £ 0.02 0.29 £ 0.02 0.29 £+ 0.01 0.27 £+ 0.03 0.38 £+ 0.03 0.06 £+ 0.01
RESNET-T 0.65 £ 0.03 0.27 £0.03 0.56 + 0.01 0.55 + 0.01 0.07 £0.02 0.63 + 0.00
VIT-T 0.63 £+ 0.01 0.29 £ 0.02 0.50 £0.02 0.57 £0.04 0.15 £ 0.00 0.59 + 0.03

LIBERO-OBiECcT (WIAIESS)

RESNET-RNN  0.30 + 0.01 0.27 £ 0.05  0.17 £ 0.05 0.29 £ 0.02 0.35 £ 0.02 0.13 £ 0.01
RESNET-T 0.67 + 0.07 0.43 £+ 0.04 0.44 £ 0.06 0.60 +£0.07 0.17 £0.05 0.60 £ 0.05
VIT-T 0.70 £ 0.02 0.28 + 0.01 0.57 + 0.01 0.58 + 0.03 0.18 £+ 0.02 0.56 + 0.04

LIBERO-GoaL (HHRES)

RESNET-RNN  0.41 + 0.00 0.35 £+ 0.01 0.26 + 0.01 0.32 £+ 0.03 0.37 £+ 0.04 0.11 £+ 0.01
RESNET-T 0.64 £0.01 0.34 £0.02 0.49 £0.02 0.63 £ 0.02 0.06 + 0.01 0.75 + 0.01
VIT-T 0.57 + 0.00 0.40 £ 0.02 0.38 £ 0.01 0.69 £0.02 0.08 £0.01 0.76 £ 0.02
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Lifelong Algo. FWT(1) NBT({) AUC(T) FWT(1) NBT({) AUC(?T)
LIBERO-Lonc (KHF&) LIBERO-SPaTIAL (%3[H])
SEQL 0.54 + 0.01 0.63 + 0.01 0.15 £+ 0.00 0.72 + 0.01 0.81 4+ 0.01 0.20 4+ 0.01
ER 0.48 £0.02 0.32+0.04 0.32+001 0.65+0.03 0.27+003 0.56 = 0.01
EWC 0.13+£0.02 0.22+003 0.02+000 023+001 0.33+001 0.06 + 0.01
PACKNET 0.22 4+ 0.01 0.08 £+ 0.01 0.25 £+ 0.00 0.55 £ 0.01 0.07 £+ 0.02 0.63 £+ 0.00
MTL 0.48 + 0.01 0.83 £ 0.00
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SEQL 0.78 + 0.04 0.76 + 0.04 0.26 £+ 0.02 0.77 £ 0.01 0.82 4+ 0.01 0.22 4+ 0.00
ER 0.67 £ 0.07 043 +£0.04 044 £0.06 0.64 +001 0.34 +0.02  0.49 + 0.02
EWC 0.56 4+ 0.03 0.69 4+ 0.02 0.16 £+ 0.02 0.32 4+ 0.02 0.48 4 0.03 0.06 4+ 0.00
PACKNET 0.60 4+ 0.07 0.17 4+ 0.05 0.60 4 0.05 0.63 4 0.02 0.06 £+ 0.01 0.75 4+ 0.01
MTL 0.54 + 0.02 0.80 =+ 0.01
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Embedding Type Dimension FWT(T) NBT({) AUC(T)

BERT 768 0.48 +£0.02 0.32 +0.04 0.32 £0.01
CLIP 512 0.52 £ 0.00 0.34 + 0.01 0.35 £ 0.01
GPT-2 768 0.46 + 0.01 0.34 + 0.02 0.30 £+ 0.01
Task-ID 768 0.50 £ 0.01 0.37 + 0.01 0.33 £ 0.01
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Variable Value
resnet_image_ embed_ size 64
text__embed_size 32
rnn_hidden_ size 1024
rnn_ layer num 2
rnn__dropout 0.0

# 5: RESNET-RNN BI85

Variable

Value

extra_info hidden_size
img embed_ size
transformer_num__ layers
transformer num_heads
transformer_head_output_ size
transformer_mlp_hidden_ size
transformer _dropout

transformer_max_seq len

128
64

6
64
256
0.1
10

# 6: RESNET-T HIFBZSEL

Variable Value
extra_ info hidden_ size 128
img_embed_ size 128
spatial_transformer num_ layers 7
spatial__transformer num_ heads 8
spatial _transformer head_output_ size 120
spatial_transformer mlp hidden_ size 256
spatial_transformer dropout 0.1
spatial _down_ sample_embed_ size 64
temporal transformer input_ size null
temporal_transformer num_ layers 4
temporal_transformer num_ heads 6
temporal_transformer head_output_ size 64
temporal_transformer_mlp_hidden_ size 256
temporal__transformer dropout 0.1
temporal_transformer_max_seq len 10

7 VIT-T B35
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C.2 ¥ PDDL Wigatiiid g
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AESS . Open the top drawer of the cabinet and put the bowl in it (A3 FIFFHET
i BEAE, R .

(define (problem LIBERO_ Kitchen_Tabletop_Manipulation)
(:domain robosuite)
(:language open the top drawer of the cabinet and put the bowl in it)
(:regions
(wooden__cabinet_init_region
(:target kitchen_table)
(:ranges (
(—=0.01 —0.31 0.01 —0.29)

)

(:yaw_rotation (
(3.141592653589793 3.141592653589793)

)

(akita_black_ bowl_init_region
(:target kitchen_table)
(:ranges (

(—0.025 —0.025 0.025 0.025)

)

(:yaw_rotation (
(0.0 0.0)

)
(plate_init_region
(:target kitchen_table)
(:ranges (
(—0.025 0.225 0.025 0.275)

)
(:yaw_rotation (
(0.0 0.0)
)
)
)
(top_side
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(:target wooden_ cabinet_ 1)
)
top region

p g

(:target wooden_ cabinet_ 1)
)
middle region
( g

(:target wooden_ cabinet_1)
)
bottom region
( g

(:target wooden_ cabinet_1)

:fixtures

kitchen table — kitchen table
wooden_cabinet 1 — wooden_cabinet
:objects

akita_black bowl 1 — akita black bowl
plate_1 — plate

:obj_of interest
wooden cabinet 1
akita_black bowl 1

cinit
(On akita_black_ bowl 1 kitchen table akita_black_ bowl init_region)
(On plate_1 kitchen_ table_ plate_init_region)

(On wooden_ cabinet_1 kitchen_table_wooden_cabinet_init_region)

: goal
(And (Open wooden_ cabinet_1_ top_region)
(In akita_black bowl 1 wooden_cabinet_1_ top_region)
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Multitask Sequential O ER O Ewc © PackNet
ResNet-RNN
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LIBERO-SPATIAL
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12: FAHEE [ s ResNeT-RNN SR AR LR FRFERITERE, v SRR,
v MR R R SR PN RE S EMF T 10 MEFSTHEMESHIMERE, #iln, BT
FE BT BRI IUT S 10 MESS IR S — MESSHITERE,

D SEiHE

BATALE AL GBI Sel. (NFEHLk, EHEEMESIEMES). MTL (£
521, ANESIFEES). EULTE BWC B3, SWIERT% BR [13) FZ)
ASHER 7715 PackNET 4], SeQL F1 MTL AR EL G ¥ IWFRE LR, H=F5
B S EEHARRRL, BATRA =AIN-1ES KIEZ44: ResNET-RNN, RESNET-T Fl
VIT-T, ZHBREZRSN BN R GERRSE L], 8MESL 50 4 epoch,
54 epoch PEAE—ICTHIBIIR (20 &8 600 SR, KA Adam L5 32,
RN 32, 2ESIREFZIERM 0.0001 2 0.00001, % Robomimic 11 [@, PR 2 B
AR E BN BREZRIE, 52K 50 1 epoch WIER)G, BURERE SN RERIERTA E#4T
% B, BMES 20 ZINREUE, Fra SRIBMZSH07 RIaE 8 (FLOPS) M5 A%
F9%) 13.5G FLOPS, W THE. EMMESEHNEMAS, 1817 3 REG¥IE,
FBEALAF 100, 200, 300 (3 180 PE5s), EARSLIMAYE LS 20 WK HO

E #SMERETR

E.1 5eREER

% I =R 98 (EWC, ER. PackNET) FIZAEISZ4 (RESNET-RNN,
RESNET-T. VIT-T) fEIUMESEN L 2SR,

BTN G SRR SRR MR RS, FRAIELHIPIAN LR — 2
sty s REgy e (@ 16 4, S-dmegyrIEs rm
szt (& e fid B
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Algo. Policy Arch. FWT(1) NBT({) AUC(T) FWT(1) NBT(]) AUC(T)

LIBERO-LoNG LIBERO-SPATIAL
RESNET-RNN  0.24 £0.02 0.28 £0.01 0.07 £0.01 0.50 £0.01 0.61 £0.01 0.14 £ 0.01
SEQL RESNET-T 0.54 £ 0.01  0.63 £+ 0.01 0.15 +£0.00 0.72 £0.01 0.81 £0.01 0.20 &+ 0.01
VIT-T 0.44 + 0.04 0.50 + 0.05 0.13 £ 0.01 0.63 + 0.02 0.76 + 0.01 0.16 + 0.01

RESNET-RNN  0.16 £0.02 0.16 £0.02 0.08 £0.01 0.40 £0.02 0.29 £0.02 0.29 £ 0.01
ER RESNET-T 048 £0.02 0.32+0.04 | 0.32+£0.01 0.65=+003 0.27+0.03 0.56 + 0.01
VIT-T 0.38 £0.05 0.29 £0.06 0.25 £0.02 0.63+£0.01 0.29 £0.02 0.50 £ 0.02

RESNET-RNN  0.02 +£0.00 0.04 £0.00 0.00 £0.00 0.14 £0.02 0.23 £0.02 0.03 + 0.00

EWC RESNET-T 0.13 £ 0.02 0.22 £+ 0.03 0.02 £ 0.00 0.23 £ 0.01 0.33 £ 0.01 0.06 £+ 0.01
ViT-T 0.05 £ 0.02 0.09 £+ 0.03 0.01 £ 0.00 0.32 £ 0.03 0.48 £+ 0.03 0.06 £+ 0.01
RESNET-RNN  0.13 +£0.00 0.21 £0.01 0.03 £0.00 0.27 £0.03 0.38 £0.03 0.06 + 0.01

PACKNET RESNET-T 0.22 001 0.08+001 0.25+£000 055+000 007002 [GSES000N
VIT-T 0.36 + 001 0.4 =001 [JOREEO0IN 057 + 004 0.15 =000 | 059 £ 0.03
RESNET-RNN 0.20 + 0.01 0.61 £ 0.00

MTL RESNET-T 0.48 £ 0.01 0.83 £+ 0.00
ViT-T 0.46 £+ 0.00 0.79 £+ 0.01

LIBERO-OBJECT LIBERO-GoAL
RESNET-RNN  0.48 4+ 0.03 0.53 + 0.04 0.15 £+ 0.01 0.61 £ 0.01 0.73 £ 0.01 0.16 &+ 0.00

SEQL RESNET-T 0.78 £+ 0.04 0.76 + 0.04 0.26 £ 0.02 0.77 £ 0.01 0.82 4+ 0.01 0.22 4+ 0.00

VIT-T 0.76 £0.03 0.73+£0.03 027 +002 0754001 0854001 0.20 + 0.01

RESNET-RNN  0.30 £0.01  0.27 £0.05 0.17 £0.05 0.41 £0.00 0.35+0.01 0.26 + 0.01
ER RESNET-T 0.67 £0.07 0.43 £0.04 044 +£0.06 0.64+001 0.34+002 0.49 +0.02
VIT-T 0.70 £0.02 0.28 £ 0.01 | 0.57 £0.01 0.57 £0.00 0.40 +£0.02 0.38 + 0.01

RESNET-RNN  0.17 £0.04 0.23 £0.04 0.06 £0.01 0.16 £0.01 0.22 £0.01 0.06 £ 0.01

EWC RESNET-T 0.56 £ 0.03 0.69 £0.02 0.6 =002 0.32+002 048 +003 0.06 = 0.00
VIT-T 0.57 £0.03 0.64 4003 023+000 0324004 0454004 0.07 +0.01
RESNET-RNN  0.29 + 0.02  0.35 +0.02 013 +001 0324003 0374004 0.11 + 0.01

PACKNET RESNET-T 0.60 + 007 0.7 = 0.05 [JOIGOESONSN 0.63 + 002 0.06 =001 [0.75 £ 0.01
VIT-T 0.58 +0.03 018002 056+004 0.69+002 0.08=001 [ONOESONIN
RESNET-RNN 0.10 £ 0.03 0.59 + 0.00

MTL RESNET-T 0.54 + 0.02 0.80 + 0.01
VIT-T 0.78 + 0.02 0.82 + 0.01

= 8 RPERITEMEMBEEENMESEF LRNER, N MESEMS, Bi=% AUC
SHMERMEL (B, (B, (BB=) Frido
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E.3 ZAEFSHYIR

Env Name RESNET-RNN  RESNET-T  VIT-T
KITCHEN SCENEI10 close the top drawer of the cabinet 0.45 0.45 0.6
KITCHEN SCENE10 close the top drawer of the cabinet and put the black bowl on top of it 0.1 0.1 0.0
KITCHEN SCENE10 put the black bowl in the top drawer of the cabinet 0.0 0.25 0.05
KITCHEN SCENEI10 put the butter at the back in the top drawer of the cabinet and close it 0.15 0.0 0.0
KITCHEN SCENE10 put the butter at the front in the top drawer of the cabinet and close it 0.2 0.0 0.0
KITCHEN SCENEI10 put the chocolate pudding in the top drawer of the cabinet and close it 0.25 0.0 0.0
KITCHEN SCENEL open the bottom drawer of the cabinet 0.05 0.0 0.15
KITCHEN SCENELI open the top drawer of the cabinet 0.3 0.45 0.25
KITCHEN SCENE1 open the top drawer of the cabinet and put the bowl in it 0.05 0.0 0.0
KITCHEN SCENEI put the black bowl on the plate 0.35 0.3 0.0
KITCHEN SCENE1 put the black bowl on top of the cabinet 0.2 0.7 0.15
KITCHEN SCENE2 open the top drawer of the cabinet 0.45 0.4 0.65
KITCHEN SCENE2 put the black bowl at the back on the plate 0.2 0.05 0.35
KITCHEN SCENE2 put the black bowl at the front on the plate 0.1 0.35 0.0
KITCHEN SCENE2 put the middle black bowl on the plate 0.35 0.1 0.0
KITCHEN SCENE2 put the middle black bowl on top of the cabinet 0.5 0.1 0.6
KITCHEN SCENE2 stack the black bowl at the front on the black bowl in the middle 0.25 0.05 0.25
KITCHEN SCENE?2 stack the middle black bowl on the back black bowl 0.05 0.05 0.0
KITCHEN SCENES3 put the frying pan on the stove 0.4 0.3 0.35
KITCHEN SCENE3 put the moka pot on the stove 0.15 0.0 0.4
KITCHEN SCENES3 turn on the stove 0.6 0.7 1.0
KITCHEN SCENES3 turn on the stove and put the frying pan on it 0.15 0.0 0.35
KITCHEN SCENE( close the bottom drawer of the cabinet 0.75 0.4 0.55
KITCHEN SCENEA4 close the bottom drawer of the cabinet and open the top drawer 0.2 0.0 0.05
KITCHEN SCENE4 put the black bowl in the bottom drawer of the cabinet 0.25 0.3 0.25
KITCHEN SCENE4 put the black bowl on top of the cabinet 0.8 0.6 0.85
KITCHEN SCENE4 put the wine bottle in the bottom drawer of the cabinet 0.0 0.0 0.35
KITCHEN SCENE4 put the wine bottle on the wine rack 0.05 0.0 0.2
KITCHEN SCENES5 close the top drawer of the cabinet 0.05 0.8 0.9
KITCHEN SCENES put the black bowl in the top drawer of the cabinet 0.2 0.1 0.15
KITCHEN SCENES put the black bowl on the plate 0.05 0.05 0.1
KITCHEN SCENES5 put the black bowl on top of the cabinet 0.5 0.25 0.2
KITCHEN SCENES put the ketchup in the top drawer of the cabinet 0.0 0.0 0.05
KITCHEN SCENES close the microwave 0.1 0.1 0.2
KITCHEN SCENES6 put the yellow and white mug to the front of the white mug 0.2 0.05 0.1
KITCHEN SCENET open the microwave 0.7 0.1 0.45
KITCHEN SCENE7 put the white bowl on the plate 0.05 0.0 0.05
KITCHEN SCENE7 put the white bowl to the right of the plate 0.05 0.05 0.15
KITCHEN SCENES put the right moka pot on the stove 0.15 0.0 0.1
KITCHEN SCENES turn off the stove 0.2 0.25 0.75
KITCHEN SCENE9 put the frying pan on the cabinet shelf 0.45 0.15 0.05
KITCHEN SCENEY put the frying pan on top of the cabinet 0.25 0.4 0.3
KITCHEN SCENE9 put the frying pan under the cabinet shelf 0.15 0.45 0.15
KITCHEN SCENE9 put the white bowl on top of the cabinet 0.1 0.1 0.15
KITCHEN SCENE turn on the stove 0.5 0.4 0.95
KITCHEN SCENE9 turn on the stove and put the frying pan on it 0.0 0.0 0.0
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Env Name RESNET-RNN  RESNET-T  VIT-T

LIVING ROOM SCENEL pick up the alphabet soup and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENEI pick up the cream cheese box and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENEL pick up the ketchup and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENEL1 pick up the tomato sauce and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENE2 pick up the alphabet soup and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENE2 pick up the butter and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENE2 pick up the milk and put it in the basket 0.0 0.05 0.0
LIVING ROOM SCENE2 pick up the orange juice and put it in the basket 0.0 0.0 0.0
LIVING ROOM SCENE2 pick up the tomato sauce and put it in the basket 0.0 0.05 0.0
LIVING ROOM SCENES3 pick up the alphabet soup and put it in the tray 0.0 0.05 0.0
LIVING ROOM SCENES3 pick up the butter and put it in the tray 0.0 0.3 0.0
LIVING ROOM SCENES3 pick up the cream cheese and put it in the tray 0.0 0.25 0.0
LIVING ROOM SCENES3 pick up the ketchup and put it in the tray 0.0 0.0 0.0
LIVING ROOM SCENES3 pick up the tomato sauce and put it in the tray 0.0 0.25 0.0
LIVING ROOM SCENEA4 pick up the black bowl on the left and put it in the tray 0.0 0.4 0.2
LIVING ROOM SCENE4 pick up the chocolate pudding and put it in the tray 0.0 0.2 0.25
LIVING ROOM SCENEA4 pick up the salad dressing and put it in the tray 0.0 0.0 0.1
LIVING ROOM SCENE4 stack the left bowl on the right bowl and place them in the tray 0.0 0.0 0.0
LIVING ROOM SCENEA4 stack the right bowl on the left bowl and place them in the tray 0.0 0.0 0.05
LIVING ROOM SCENES put the red mug on the left plate 0.0 0.0 0.05
LIVING ROOM SCENES put the red mug on the right plate 0.15 0.0 0.0
LIVING ROOM SCENES5 put the white mug on the left plate 0.1 0.15 0.05
LIVING ROOM SCENES5 put the yellow and white mug on the right plate 0.35 0.05 0.05
LIVING ROOM SCENES6 put the chocolate pudding to the left of the plate 0.1 0.65 0.0
LIVING ROOM SCENES6 put the chocolate pudding to the right of the plate 0.05 0.55 0.0
LIVING ROOM SCENEG put the red mug on the plate 0.0 0.2 0.0
LIVING ROOM SCENES6 put the white mug on the plate 0.0 0.2 0.0
STUDY SCENEI pick up the book and place it in the front compartment of the caddy 0.0 0.0 0.05
STUDY SCENE]1 pick up the book and place it in the left compartment of the caddy 0.2 0.05 0.0
STUDY SCENEI pick up the book and place it in the right compartment of the caddy 0.0 0.1 0.0
STUDY SCENEI1 pick up the yellow and white mug and place it to the right of the caddy 0.0 0.3 0.35
STUDY SCENE2 pick up the book and place it in the back compartment of the caddy 0.35 0.3 0.0
STUDY SCENE2 pick up the book and place it in the front compartment of the caddy 0.25 0.1 0.0
STUDY SCENE?2 pick up the book and place it in the left compartment of the caddy 0.25 0.45 0.05
STUDY SCENE2 pick up the book and place it in the right compartment of the caddy 0.0 0.2 0.0
STUDY SCENE3 pick up the book and place it in the front compartment of the caddy 0.2 0.0 0.0
STUDY SCENES3 pick up the book and place it in the left compartment of the caddy 0.4 0.45 0.15
STUDY SCENE3 pick up the book and place it in the right compartment of the caddy 0.0 0.05 0.05
STUDY SCENE3 pick up the red mug and place it to the right of the caddy 0.0 0.2 0.05
STUDY SCENES3 pick up the white mug and place it to the right of the caddy 0.0 0.0 0.05
STUDY SCENEA4 pick up the book in the middle and place it on the cabinet shelf 0.05 0.2 0.05
STUDY SCENEA4 pick up the book on the left and place it on top of the shelf 0.2 0.1 0.15
STUDY SCENEA4 pick up the book on the right and place it on the cabinet shelf 0.0 0.25 0.05
STUDY SCENE4 pick up the book on the right and place it under the cabinet shelf 0.15 0.1 0.05
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LIBERO-SPATIAL

[ [ 3 -
pick up the black pick up the black pick up the black
bowl on the wooden bowl in the top bowl between the
cabinet and place it drawer of the plate and the
on the plate cabinet and place it ramekin and place it
on the plate on the plate

LIBERO-OBJECT

pick up the orange pick up the ketchup pick up the alphabet
juice and place it and place it in the soup and place it in
in the basket basket the basket

LIBERO-GOAL

put the wine bottle put the bowl on top open the middle

on the rack of the cabinet drawer of the
cabinet

LIBERO-LONG

put the white mug on put both the put the yellow and
the left plate and alphabet soup and white mug in the
put the yellow and the tomato sauce in microwave and close
white mug on the the basket it

right plate
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%3 [ R BRTE 4 MESEMFR 12 MESHNERATL (i, SMER 3
MESS) . BATHIER]:
1. SRESXIALES AT HARCE X BRI & T HAR R
2. ARG ES SRR, FlansE 1 ErYaS H X,
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put both the alphabet soup and the tomato sauce in the basket
ER

ResNet-T

ER
ViT-T

PackNet
ResNet-T

PackNet
ViT-T

Initial Policy =~ After 3d Task  After 5t Task  After 10t Task
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SRERIE, STERSE —MES EERNEWMARE LL 5%z — (ER fl PACKNET)
FMESN 2 — (RESNET-T Fl VIT-T) Zfl, HIERIGZLESE —MES _EIIZRRIRI,
FTERSERNEN N TS =, BRMEHMES LIIZREHIHRE,

& 3. Figure @ shows attention visualizations from policies trained with ER and
PACKNET using the architectures RESNET-T and VIT-T respectively. We observe that:

1. The ViT visual encoder’s attention is more consistent over time, while the ResNet
encoder’s attention map gradually dilutes.

2. PackNet, as it splits the model capacity for different tasks, shows a more consistent

attention map over the course of learning.
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Policy after
training task 5
on task 5

Policy after
training task 10
on task 5

Policy after
training task 10
on task 10

PackNet

23: LIBERO-LonGg EEA ResNeT-T WAFEZGEIBIEERIEN T BTR
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HEMFIREAR L7, 7 55 107 SRS HE B Ol FIRARIRIP I EH e, 2
TERTEAESS 10 BIZGIHAEESS 5 BIERIRES, SoREMIEBHIER I EZER,

%3 : Figure @ shows the attention visualization of three lifelong learning algorithms
on LIBERO-LONG with RESNET-T on two tasks (task 5 and task 10). The first and third
rows show the attention of the policy on the same task it has just learned. While the second
row shows the attention of the policy on the task it learned in the past. We observe that:

1. PACKNET shows more concentrated attention compared against ER and EWC
(usually just a single mode).

2. ER shares similar attention map with EWC, but EWC performs much worse than
ER. Therefore, attention can only assist the analysis but cannot be treated as a

criterion for performance prediction.
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Policy after
training task 5
on task 5

Policy after
training task 10
on task 5

Policy after
training task 10
on task 10

ResNet-RNN ResNet-T ViT-T
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10 _EYNEZFHHAEESS 5 BIERIRES, SoRERIEBHIEREZER,

%3 : Figure Q shows attention map comparisons of the three neural architectures on
LIBERO-LoNG with ER on two tasks (task 5 and task 10). We observe that:
1. ViT has more concentrated attention than policies using ResNet.

2. When ResNet forgets, the attention is changing smoothly (more diluted). But for

ViT, when it forgets, the attention can completely shift to a different location.

3. When ResNet is combined with LSTM or a temporal transformer, the attention
hints at the ”course of future trajectory”. But we do not observe that when ViT is

used as the encoder.
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Canonical task order

Task order 1

Task order 3

9th

& 25: LIBERO-LoNG H="NEEFESS F ER il RESNET-T AR 75 X ke
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w/o pretrained
ER

w/ pretrained
ER

w/o pretrained
PackNet

w/ pretrained
PackNet

w/o pretrained
EWC

w/ pretrained
EWC

put both the put the white mug on put the yellow and
alphabet soup and the left plate and white mug in the
the tomato sauce in put the yellow and microwave and close
the basket white mug on the it

right plate

26: i RESNET-T MIREKE %S BEIENTE /A MISGERNFEZE I EME, kA
LIBERO-LonG HI=MNEEFS.
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